ABSTRACT The number of real-time supervisory control and data acquisition (SCADA) measurements in power distribution systems is scarce. This limits the reliability of state estimation (SE) results for distribution systems. Therefore, some studies seek to enhance the observability and SE accuracy of distribution systems by incorporating advanced metering infrastructure (AMI) data with the SCADA measurements. However, the hourly updated AMI data may be too coarse to capture system changes, especially in the presence of intermittent renewable energy sources. This issue is addressed by proposing a hybrid SE framework integrating a data-driven estimator and a model-based estimator. To be specific, the data-driven estimator combined with a topology identification method is presented to solve the DSSE problem between AMI scans, and the model-based estimator is employed to ensure robust estimation results against gross errors at a lower time scale. The proposed hybrid SE switches from the data-driven estimator to the model-based estimator once the AMI data is updated. Such a solution allows for capturing system changes at different time scales and improving the real-time and reliability of distribution system state estimation. Simulations are conducted on a sample distribution system to illustrate the characteristics of the proposed hybrid SE.
I. INTRODUCTION
Distribution system state estimation (DSSE) is a challenging task due to the scarcity of real-time measurements [1] . Therefore, pseudo-measurement modeling is proposed to enrich the available measurements [2] , [3] . This technique is effective in guaranteeing the system observability but is inevitably limited to the modeling precision. Considering the rapid development of the advanced metering infrastructure (AMI), it is possible to utilize the AMI data (i.e., load power and voltage magnitude measurement data) for DSSE, which usually has a few supervisory control and data acquisition (SCADA) measurements. The AMI data, combined with the conventional SCADA measurements, can thus play a key role in the monitoring of distribution systems.
The inclusion of AMI data contributes to enhancing the system observability and estimation accuracy. This has attracted great interest, and many researchers have
The associate editor coordinating the review of this article and approving it for publication was Noor Zaman. investigated the topic in previous studies. In [4] , the circuit parameters are estimated with the AMI data to calibrate the system model. Similarly, the method proposed in [5] builds the secondary circuit model with the available data from AMI and photovoltaic (PV) inverters. In [6] and [7] , the main target is to monitor the low-voltage (LV) distribution system with the help of smart meter data. Other works (see [8] and [9] ) focus on depicting the overall picture of multilevel distribution systems by exploiting the smart meter data. When extending to the medium-voltage (MV) level, a big challenge is the effective integration of the SCADA measurements and AMI data. Such a challenge is due to the distinct refresh rates of the hybrid measurements coming from different measuring sources [10] . To solve this issue, various solutions have been proposed, such as the load estimation model built in [12] - [14] and the dynamic state estimation described in [15] . All these works try to integrate the AMI data into the SCADA-based SE in the MV distribution system to improve the state estimation (SE) accuracy. However, due to the lower updated rates of the AMI data, it is difficult to capture the system changes between AMI scans. Besides, phasor measurement units (PMUs) become increasingly prevalent in power systems, especially in transmission systems. Due to the fast refresh rate and high precision of PMUs, a series of hybrid state estimators have been developed for transmission systems to improve the precision of estimation results [16] - [19] . Nevertheless, such instruments are not widely diffused over distribution systems owing to economic reasons. Therefore, instead of relying on high-cost PMUs for improving the estimation accuracy, we try to develop an efficient state estimator for distribution systems based on the use of AMI and SCADA measurements.
Different from the aforementioned works, this study proposes a hybrid SE that involves two different estimators to handle the unsynchronized AMI and SCADA measurements. Conventionally, the most widely used SE method is the weighted least square (WLS), which has high computational efficiency but is vulnerable to bad data [20] . While the weighted least absolute value (WLAV) algorithm is robust, it generally requires longer computation time and is incapable of eliminating bad data from low-redundant measurements in distribution systems [21] . Fortunately, since the AMI data includes abundant information, namely voltage magnitude and power consumption measurements, it has the potential to enable the use of WLAV. As a result, the distribution system is unobservable at the instants when only SCADA measurements are available and recovers observability at such instants when both AMI and SCADA measurements are received. This study proposes a hybrid SE based on two estimators: a data-driven estimator and a model-based estimator. The datadriven estimator aims to estimate system states with a limited number of SCADA measurements, and the model-based estimator targets to provide robust estimation results at a lower time scale by filtering noises and bad data from the AMI and SCADA measurements. The presented hybrid SE switches from the data-driven estimator to the model-based estimator when the AMI data are updated. Furthermore, due to flexible topological structures in distribution systems, a topology identification method is integrated into the data-driven estimator to capture topological changes before executing the SE procedures.
To conclude, the main contributions of the present work are as follows: 1) A hybrid SE framework integrating a data-driven estimator and a model-based estimator is proposed to handle the unsynchronized AMI and SCADA measurements and to capture system changes at different time scales.
2) A data-driven estimator combined with a topology identification method is built for distribution systems with a limited number of SCADA measurements to track system states quickly. To ensure robust estimation results, a model-based estimator is used to filter noises and gross errors in the AMI and SCADA measurements at a lower time scale.
3) Extensive comparisons have been carried out with other SE alternatives, i.e. the conventional WLS-based estimator and artificial neuronal network (ANN)-based estimator. The results reveal that our proposed hybrid SE could accurately capture system changes under various operation conditions, including the presence of intermittent renewable energy sources (RES) and bad data.
The remainder of this study is organized as follows: Section II describes the proposed hybrid SE framework, composed of the topology identification, the data-driven estimator, and the model-based estimator. Simulation results on a sample distribution system are given in Section III, and conclusions are drawn in Section IV.
II. PROPOSED STATE ESTIMATION METHOD
A flowchart of the proposed hybrid SE for power distribution systems is shown in Fig. 1 . The left-hand of the flowchart (in the blue rectangular box) mainly describes the offline training phase, where a topology identification network and a number of state models based on deep neural networks (DNN) are applied for topology identification and state estimation, respectively. Note that each DNN-based state model is trained under one type of system topology structure. The topology identification and the DNN-based state estimation are employed at instants whenever SCADA measurements are updated. Since the number of SCADA measurements in most distribution systems cannot ensure the system observability, conventional model-based estimators, like WLS and WLAV, might be unable to converge or obtain satisfactory estimation results. However, when both SCADA and AMI measurements are refreshed, a WLAV-based estimator is introduced to ensure robust estimation results against gross errors. Figure 2 shows the data flows and schedule of the hybrid SE procedure. Considering the limitation of data communication, the SCADA measurements are updated every fifteen minutes and the AMI data is refreshed hourly [15] . Since the two types of measurements may not be strictly synchronized, they will bring some time-skew errors. Therefore, the WLAV-based estimator can utilize the refreshed AMI measurements and the 'synchronized' SCADA measurements by numerical interpolation to narrow the time-skew errors.
A. RANDOM FOREST-BASED TOPOLOGY IDENTIFICATION
To ensure the security and economy of system operation, the topological structure in distribution systems is flexible. Accordingly, the topology identification that can provide an actual configuration is essential for the state estimation in distribution systems. As shown in Fig. 1 , the topology identification network maps a few SCADA measurements to the configuration of the distribution system. More precisely, the inputs of the 'topology identification' box are the SCADA measurements, and the output represents the topological structure of the distribution system, that is, the open/close status of sectionalizing and tie switches. However, the interruption of some unforeseen lines caused by a system fault is out of the scope of our work. In this case, some event identification methods with the aid of phasor measurement units (PMUs) in [22] , [23] or fault indicators in [24] could be utilized.
The proposed topology identification for distribution systems is essentially a classifier, which labels each input set. Here, a random forest classifier (RFC) is introduced to acquire the actual topology in real time, and its framework is shown in Fig. 3 . It is possible to observe that the random forest classifier is an ensemble algorithm, which builds a series of decision trees through randomly selected subset data to improve its accuracy and robustness. Two important and tunable parameters of the classifier are the number of decision trees and the decision tree related parameters like the minimum size of samples when split. To find the appropriate parameter settings of the random forest classifier, an iterative algorithm based on the historical data is tabulated in Algorithm 1.
Algorithm 1 RFC-Based Topology Identification Training
Initialization Set of initial parameters; split the historical data into two sets, training data (x train , y train ) and validation data (x valid , y valid ); data regularization. In the algorithm tabulation, x train and x valid denote the inputs of the training and validation data, respectively; y train and y valid denote the target outputs of the training and validation data, respectively; y predict valid valid represents the prediction results of x valid ; I( . ) denotes the characteristic function; and τ AUC denotes the threshold of the area under curve (AUC) value [25] . The AUC is a probability value to evaluate the performance of the RFC, and the AUC value of a perfect classifier is 1. The algorithm of the topology identification network training is executed offline, and we have observed in the simulation tests that the default parameters of decision trees have a good capability. To study how different forest architectures affect the performance, the default parameters of decision trees are employed unless otherwise stated.
B. DNN-BASED STATE ESTIMATION
As mentioned previously, a few DNNs are built for different system topological structures. With an actual system topology, the dedicated specified DNN is adopted for the system state estimation. Each DNN is a neural network with more than two hidden layers to imitate complex relations of distribution systems, as shown in Fig. 4 . Different from the data-driven method using all available measurements to alleviate the computational burden of complex transmission systems [26] , the proposed DNN-based state model targets to update distribution system states with a limited number of SCADA measurements. Specifically, the inputs of the DNN are the real-time SCADA measurements, and the outputs are the estimated system states (i.e., nodal voltage magnitude and angle). Owing to the scarcity of SCADA measurements in distribution systems, the system observability cannot be guaranteed. At those instants when only SCADA measurements are updated, the state estimation is achieved by the DNN-based state model to capture the system changes.
Algorithm 2 DNN-Based State Estimation Training
Initialization Set of initial network parameters; split the historical data into two sets, training data (x train , y train ) and validation data (x valid , y valid ); data regularization.
For i = 1:N 4 predict x train,i using the latest network → y train,i 5 update the w in (1) 6 calculate the prediction accuracy of x valid
Since the DNN has multiple hidden layers and a great number of parameters, such a large network may face the over-fitting problem, resulting in low precision and poor generalization performance on the unforeseen data. Two effective techniques are used to address this problem: one is called dropout, in which units are randomly dropped during the training stage, and the other involves adding noise to the DNN model. In addition, the complex DNN might also face expensive computational burdens in the network training phase. To resolve this problem, the stochastic gradient descent (SGD) approach is employed as follows:
where w represents the netwok parameters, η is the learning rate, and Q i (w) denotes a gradient of the subset i. The number of samples in each subset is the batch size. Here, the SGD method uses the gradient of a subset to approximate that of the whole training dataset when network parameters update. The flow chart of the DNN-based state estimation training is tabulated in Algorithm 2. In the algorithm tabulation, the root mean square error (RMSE) [27] is applied to evaluate the network losses, and N is the number of subsets selected on the basis of the batch size. When all training data is processed a single time, the epoch plus one. If the number of epochs exceeds the iteration threshold τ iter or the RMSE is smaller than the precision threshold τ RMSE , the training of the DNN model comes to an end.
C. WLAV-BASED STATE ESTIMATION
At this stage, the measurement set is composed of SCADA measurements and the available AMI data, shown as the two inputs of the 'WLAV-based state estimation' box in Fig. 1 . The WLAV estimator that has the ability to reject erroneous measurements automatically can be expressed as follows:
where
, . . . ,
] is a 1 × m measurement weight vector and σ i is the standard deviation of the i th measurement noise, r is an m × 1 measurement residual vector, m is the number of hybrid measurements z(i.e. z SCADA and z AMI ), and h( . ) represents the measurement function. In this study, the weights of measurements are derived from the accuracy level of measuring devices. Notice that the AMI data is usually obtained at the LV side of secondary substations for reducing installation costs. In this case, the AMI data at the LV side is employed to derive the equivalent measurements at the MV side, along with concurrent derivation of the covariance of equivalent measurements [28] . After that, the derived measurements at the MV side are used for the DSSE. The discontinuous objective function (2) is equivalently transformed into the following continuous one:
where r = u−v, u and v are the m × 1 non-negative vectors.
To minimize the objective function (4), one of u i and v i is equal to zero for each measurement z i . The introduction of the non-negative vectors u and v allows us to guarantee the objective function being continuously differentiable. In particular, the starting point of the WLAV is set as the result obtained by the DNN-based state estimation in an attempt to quickly converge to an optimal solution. To this end, the estimated states x k hybrid and the AMI data z k AMI are input to the 'historical data' box in Fig. 1 to enrich the training dataset.
III. SIMULATIONS AND RESULTS

A. TEST SYSTEM
Simulations are conducted on the 33-bus distribution system shown in Fig.5 by using a PC with 8 GB RAM and Windows operating system. As shown in Fig.5 , there are 32 sectionalizing switches (usually closed) represented as S1-S32 and five tie switches (usually open) represented as S33 to S37 in VOLUME 7, 2019 the distribution system, where any status changes of switches to decrease the network losses or during fault conditions will result in a different configuration. Here, four representative and possible topological structures of the distribution system are given in [29] and listed in Table I . The load profiles are extracted from the 2013 load data of a realistic distribution network and employed to perform different operating conditions. In each topological structure, 8000 operating conditions of the distribution system are considered. Thus, in total 8000×4 = 32000 samples are simulated to generate the training and validation datasets. With regard to Algorithms 1 and 2, 20% of the samples (out of the training dataset) are used for validation or prediction. Different Gaussian errors are added to simulate the SCADA and AMI measurement noises, which will be given in the following.
B. SIMULATION CASES
In this section, we investigate the performance of the proposed hybrid SE for DSSE based on the following four case studies:
• Case 1: proposed RFC-based topology identification under a different number of decision trees and various SCADA measuring conditions to recognize flexible configurations.
• Case 2: proposed DNN-based estimator under various SCADA measuring conditions to estimate system states and to compare with the ANN-based estimator and the WLS-based estimator.
• Case 3: proposed WLAV-based estimator under various hybrid measuring conditions to figure out estimated states and to compare with the conventional WLS-based estimator, which cooperates with the normalized residual (NR) statistical test to detect bad data.
• Case 4: computational performance of the proposed hybrid SE and the conventional WLS-based estimator.
• Case 5: proposed hybrid SE applied in the modified 33-bus system with intermittent RES.
C. SIMULATION SETTINGS
In the training phase, the AUC threshold τ AUC of Algorithm 1 is set to 1e-5, and the iteration threshold τ iter and the precision threshold τ RMSE of Algorithm 2 are set to 100 and 1e-5, respectively. With these parameters, the topology identification network and a series of DNNs are trained to achieve satisfactory performance. Accuracy levels of different SCADA measurements are given in Table II , where two scenarios of normal noises (1 and 2) and two scenarios of bad data existing (3 and 4) are considered. The standard deviation of measurement noises can be obtained according to the accuracy level [30] . Note that the '+bad' represents that one measurement is randomly selected as bad data. The gross errors that are five times as much as normal noises are added to the selected measurement during 100-time instants in the validation dataset (out of the training dataset). Moreover, three types of SCADA measurements located on the main feeder and three laterals are considered. Generally, the performance of the proposed method can be improved with optimal measurement locations, which, however, is out of the scope of this paper. Therefore, the optimal location of SCADA measurements is not discussed.
The number of decision trees no doubt impacts the proposed RFC performance to some degree. To analyze this impact, a series of decision trees are used to assess the properties of the proposed RFC, and the performance of the proposed RFC with different decision trees under various measuring conditions is shown in Fig. 6 . It can be seen from Fig. 6(a) that the AUC values of the proposed RFC are lower than 0.5 due to the very few SCADA measurements. This indicates that when the SCADA measurements are only located at the main substation, the topology identification may not be able to obtain accurate results. In Figs. 6(b) and 6(c), where SCADA measurements extend to the three laterals, the AUC values of the proposed RFC remain very high (AUC > 0.999) owing to its robustness to measurement noises and bad data. Notice that as measurement noises increase and bad data occurs, the RFC with 20 decision trees still exhibits high accuracy (AUC = 1). These results indicate that a small or large number of decision trees yield under-fitting or over-fitting problems, resulting in worse accuracy performance on the validation dataset.
Furthermore, the proposed RFC under the SCADA 2 condition, where current magnitude measurements constitute the majority of the measurements, is able to obtain accurate identified results. This superior performance indicates that the proposed topology identification method is suitable for practical application since current magnitude measurements account for the main part of SCADA measurements in real distribution systems. In practice, the number of decision trees can be tuned in advance via off-line tests under different distribution systems.
Case 2: This case considers the accuracy performance of the DNN-based estimator under various SCADA measuring conditions and compares the performance with that of the ANN-based estimator. The SCADA 2 and 3 under the accuracy level 3 described in Case 1 are employed for the study. It is obvious that the number of the SCADA measurements described in Case 1 cannot make the system observable, so the data learning methods (i.e., DNN and ANN) are used to obtain the estimated states. Absolute errors, which are calculated as follows, are presented in Fig. 7 for each estimated state:
In order to compare the two methods, we take a closer look at the estimated results around one time instant when no bad data appears (shown as 1−33 estimated states in Fig. 7 ) and around another time instant when bad data occurs (shown as 34−66 estimated states in Fig. 7 ). To further investigate the impacts of different SCADA measurement types on the two methods, two subfigures, Fig. 7 (a) and (b), present the estimated results with SCADA 2 and SCADA 3, respectively. As seen in Fig. 7 , the absolute errors of the estimated states 34−66 are larger than those of the estimated states 1−33 due to the presence of bad data. For the ANN-based estimator, the estimated absolute errors under SCADA 2 and SCADA 3 are within 0.005 p.u. and 0.002 p.u., respectively. As for the DNN-based estimator, the estimated absolute errors under SCADA 2 and SCADA 3 are within 0.002 p.u. These results indicate that the proposed DNN-based estimator has similar accuracy with the ANN-based estimator under normal conditions and has obviously higher robustness than the ANN-based estimator under bad data conditions. However, the proposed DNN-based estimator still obtains biased estimated results for those buses far away from the SCADA measuring points. Such a situation can be improved if the redundancy of measurements increases.
Furthermore, the performance of the proposed DNN-based estimator is compared with that of the conventional WLS-based estimator. For the sake of fairness in the comparison, the DNN-based estimator uses the same SCADA measurement set (SCADA 2) as the WLS-based estimator, which also requires pseudo measurements to ensure the system observability (namely WLS+pseudo). The estimated voltage magnitude errors of 100 simulation times obtained by the DNN-based and the WLS-based estimators are presented in Fig.8 , where three accuracy levels of pseudo measurements are tested.
It can be observed that both the maximum and average absolute errors for voltage magnitudes obtained by the DNN-estimator are smaller than that obtained by the WLS-estimator employing the 30% and 50% accuracy levels of pseudo measurements. As expected, the DNN-based estimator shows higher estimation accuracy owing to historical data learning when compared with the conventional WLS using lower precision pseudo measurements. In addition, the estimated errors of the DNN-estimator are larger than that of the WLS-estimator with the aid of the 10% accuracy level of pseudo measurements. This is acceptable as the proposed DNN-based estimator yields slightly biased estimation results in the presence of a limited number of SCADA measurements.
Case 3: In this case, the performance of the WLAV-based estimator under hybrid measurements is compared with that of the WLS-based estimator. Different from the DNN-based estimator discussed in Case 2, the WLAV-and WLS-based estimator are model-based estimators relying on the mathematical model of distribution systems and requiring that the system be observable. Therefore, the model-based SE can only be used under hybrid measurements, where the measurement redundancy is enough. Since the basic WLS is a classic but non-robust technique, it cooperates with the normalized residual statistical detection in this case. Here, the AMI data in the 33-bus distribution system is updated hourly, and the noises of AMI data are assumed to be normally distributed, that is, 3% accuracy level for load power measurements and 1% accuracy level for voltage magnitude measurements. The SCADA 2 under the measurement noise 1 described in Case 1 is employed for the study. To investigate the robustness of the two model-based estimators under hybrid measurements, the voltage magnitude measurement of bus 8 in the AMI data is added with a gross error (i.e., 10 times larger than its normal noise) during the 50-70 time instants in Figs. 9 and 10. Figure 9 demonstrates that the WLAV-based estimator is more accurate than the WLS-based estimator in terms of the voltage magnitude and angle in the presence of bad data. Figure 10 provides a closer look at the estimated results of bus 8, where gross errors are added. As see in Fig. 10(a) , the WLAV-based estimator can obtain reliable estimated results for nodal voltage magnitudes in 100 simulation times, whereas the WLS-based estimator gives biased estimated results for nodal voltage magnitudes between time instants 50 and 70. As expected, the WLAV-based estimator has comparable accuracy to the WLS-based estimator under Gaussian noises, as evident in time instants 1-50 and 70-100, and it can reject gross errors automatically, as evident in time instants 50-70. This is because the WLAV is a robust estimator, and the measurement redundancy is enough (around 1.53). The same holds true for the estimated results for voltage angles presented in Fig. 10(b) .
Case 4: The computational performance of the proposed hybrid SE is compared with that of the WLS-based estimator. The computation time of the proposed hybrid SE is composed of three parts:
• t1: runtime of RFC-based topology identification in the online phase;
• t2: runtime of DNN-based estimator in the online phase;
• t3: runtime of WLAV-based estimator. To evaluate the computational performance, a simulation over 100 hours is performed. During the simulation time, the RFC-based topology identification and the DNN-based estimator are executed every fifteen minutes, and the WLS-and WLAV-based estimators are triggered hourly. Fig. 11 shows the statistical results of the computation time of the proposed hybrid SE and the WLS-based SE.
It can be observed from this figure that the proposed hybrid SE takes 0.0052 s and 0.0405 s on average to obtain the estimated results under SCADA measurements and hybrid measurements, respectively. It is worth noting that the runtime of the RFC-based topology identification and the DNN-based estimator (i.e., t1 and t2) only needs a few milliseconds in the online phase, which is shorter than the runtime of WLAV-based estimator represented by t3. This highlights the high computational efficiency of data learning methods. It is also observed that the WLAV-based estimator requires a longer time to produce the results than the WLS-based estimator with AMI and SCADA measurements. Still, the execution time of the proposed hybrid SE is acceptable as the measurements in distribution systems are updated every few minutes.
Case 5: In the end, the hybrid SE method is applied in the modified 33-bus distribution system with intermittent RES, whose specifications are given in Table 3 . In this case, the noises of the AMI data are also assumed to be normally distributed, that is, 3% accuracy level for load power measurements and 1% accuracy level for voltage magnitude measurements. The SCADA 2 under the accuracy level 1 described in Case 1 is employed for the study. Tests have been performed to investigate the effectiveness of the hybrid SE method in the complex and changeable conditions. Figure 12 shows, as an example, the estimated value of voltage magnitudes at bus 14 obtained by the two SE methods for the whole day.
It can be seen in this case that when both AMI and SCADA measurements are refreshed hourly, the estimated values of voltage magnitude at bus 14 obtained by the proposed hybrid SE and the conventional WLS-based estimator are almost the same. Between AMI scans, the conventional WLS-based estimator is unable to estimate system states since the distribution system is unobservable. Instead, the proposed hybrid SE could provide estimated results every fifteen minutes between AMI scans. It is worth noting that when the system changes greatly due to the presence of intermittent RES, the hybrid SE is able to accurately capture the system changes between AMI scans, showing in Fig. 12(b) .
IV. CONCLUSION
We propose a hybrid SE for distribution systems, which estimates the system states with the synergistic utilization of AMI VOLUME 7, 2019 and SCADA measurements. The main contribution of this work is the incorporation of a DNN-based estimator method and a WLAV-based estimator method to handle the unsynchronized measurements and to capture system changes at different time scales.
Since conventional SCADA measurements are unable to guarantee the observability of distribution systems, the DNN-based estimator method has to solve the DSSE problem between AMI scans. Our work shows that the DNN-based estimator method provides more reliable estimation results with a limited number of SCADA measurements, while biased estimated results can exist if some buses are far away from the measuring points. The distribution system is observable when the AMI data are considered, and the estimated states can be obtained by a robust WLAV-based method. Such results can be guaranteed regardless of the presence of intermittent RES and bad data. The proposed hybrid SE, hence, allows incorporating the AMI and SCADA measurements in the DSSE and can be used for the real-time monitoring and controlling of modern distribution systems.
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